


Institutional Archive of the Naval Postgraduate School 


Calhoun: The NPS Institutional Archive 
DSpace Repository 


Theses and Dissertations 1. Thesis and Dissertation Collection, all items 


1980 


Automatic identification of network rows In 
large-scale optimization models. 


Wright, William Gordon 


Monterey, California. Naval Postgraduate School 


http://ndl.handle.net/10945/17534 


Downloaded from NPS Archive: Calhoun 


Calhoun is the Naval Postgraduate School's public access digital repository for 
i (8 D U DLEY research materials and institutional publications created by the NPS community. 
«ist : Calhoun is named for Professor of Mathematics Guy K. Calhoun, NPS's first 


NY KNOX appointed — and published -- scholarly author. 

| | LIBRARY Dudley Knox Library / Naval Postgraduate School 

411 Dyer Road / 1 University Circle 
Monterey, California USA 93943 





http://www.nps.edu/library 











































ry A 
‘ 
' oP 
cy 
a a 
‘ 
J 
q A 0 
ci 
CJ 
J 
cd a 
J J 
J 
a 
" 
r A 
' 
J 
A 
0 
o ee 
Mu A 
: La 
iad 
A 
O Pa) 
i 
¢ 
p f “ 
A ry 
i e 
J ' 
ft at 
o o & P 2 se 5 
5 a is F t n y , A . a ; wn wis Poy ir ‘an Ch = et Pa) tr Boag ee Ps Rid 
i is ‘ Pr oe Aa ss fl = - =r = ee re ae ae rage et Wile ice wee 
7 = be ; r . “ - = — _ 6B: ry inte Uh Aaa > i Pa 
; 7d a tMl ; c ig - +4 
‘ ‘ Py ros D os P 6 Py . -_ wet a ae *, > a) a ees oa ooo 
ee « os Cd ad) ev oF lhe a 5 
P ' ny] eg ne  gegerne ies ry De ke Od 42-4 She Oe ae 
‘ mee f ‘ a ee 4 a ome eg oye 7 nee ae 
er } r a - 4 «a rar) . ra = = 1 , LED mT Pe ee pe ‘, 8 ee 
P 4 ' od vm : ; es . Ls = vr | = ts es ie J a 
ae HC A PE fe ; ra , oo = sal aoa it aera oa ers igs ere bef 
p ee re 18 ¢ : ae ican, lie W pe Seale ne ie 
' “ A ro ” 
a o Cr 1 ee Mp pee ye : 4 
ay ere i rd i ry ’ o wl s i u y a A a a on  % ae obs ce 
P .* Tt "| 
‘ a Dl a ¥ “ : t M r ! r yl aes 2 am ee 
D ff Fg PU i oa 4 wed ie £3 ; ri 
ee aR ie ‘ é = Tt aadaee F ‘J er , ad ees Aico 
Toes 4 ere - ‘teas = we re a -~) ‘. oJ? _ poe 
: a Pa ce F sist war rr AD le De Ory ae Cran 
ee Ja F ig: od ‘ x pe ey ere 
1 A Q Cael Ce iy 
i ; sie y ae n oe ry, “te aia a. ee 2 ae oe nT tt a Tg 
e “fe ; y . 1 Fe H . rae Peau : we ' - ft 
a Fy te LL a i Pi Ny hd eid) ; ip tite | me 4 | . 
a ta A L Pe A ° i a -_ 
A H 1 ro rr a f] i rd sues - ts. a Pen 
Fi 0 a . Pd id 4 | p : F : i i: Se H a Pa le | in 
nn © “ae, r A ve Od L ' Pas ed Ce i* cs 
1 "ie Ts P 7 ag Thee aie Le bd H 
er ‘a oe ar ae) b wey tt ad ze A FY, | ei Pah 
a ; i Fl ly Pry , plata, > re 1 Pwd 
‘i Pa rr, , P 
f 5 Uy aia a 1 te we a | ey as a 
fs oye ee a ryt Se) roy : | 
be Fo ae aa L Ls LT baa ' "i H 
a ‘ ae To. an - arr cd crs en ae | be ul 4 ey 
Z tes, b Pte , a on Ce F ’ rid pa iu . ¢ tat 4 
, ee a ar 5 .* f io , Veer 
: ' a 7 dae Ty sé og e* & & i if — wt Ee 
Pe ne id F ze we 
ad P th ag T Dw ei PT \ ey i , | pp 1 ry ‘ ee Ue cy 
aa ee, 
alee eo “ iP ea ee Fame) 4 eae: 
: . y ; Pall > we ' 
e ' te & a i? i “at a erase iv r 
My * Lan 3 DL ad ivuv § & oy ry rg a 
a a as i, f weit A ms RE ad Ts 
; r J i ae F a , Pr fost sf f Fi a sd he ae p , rs be 
' a sala Cd PN PB Poh Cn ¢ 
i db . 3 v7 ee y ‘ rn Ae t ye ies up. i te 
a Aa yf r a a ‘ A te rh Mi ah ag Aba ea 
a . ge a $d dehy meu Mie 
¢ ' rats re lp 
a | rPy A ‘ ‘ oe Le =i Py it Boy 
ra} é rt Fs aa Fi vit 
- Fi a; i ‘ t 
A A " nl a | | Par} te fe Fs 
ot F fe Ae ANG rm rs] , oa a: Per Toe . 
P . 1 4 Lod vA Cy Ff 7 é a 4 
‘ ‘ Te ee : F Pay: bar) “ rey i ie te yee ¥ 
ets) la mo reg B'S oy fey Gh aren A a 
r , ‘ Bbd Ly 0 Sed Po ot 
‘ a i * « aw ead Cai F spe, 
A 2 F vi a4 F mi i & a ara io io Rtn | 
f " . 7 ‘i PP f ie cee rie tal ’ 7a i Tey Pe Begs nut 
r Py i eS F FY a Pn ue M4 
n ik as he + af 
E Ae ee ‘tat ee my fs uy en a ot ae ee Ae 
pe im 1 A A i‘ Be +9) ae rath Wane Py pall 
, raw) Pf ead 1f.2% | 
Sy p Py Cae ve | ‘ 4 ie PL ms ‘f k Rt Sk 
F; o¢ f é ey es F A 
er Pe oe A fis a ae Sih aH Rae fa 


: a " ' Bs as 
fl WJ ai i . zz ar £ aawlis zx ae prvi 


DUOLEY KNOX LIBRA 
RAV AL POSTGR ADUATE SCHOOL 


MONTEREY. CALIF S38ab 














NAVAL POSTGRADUATE SCHOOL 


Monterey, California 





THESIS 


AUTOMATIC IDENTIFICATION OF NETWORK ROWS 
IN LARGE-SCALE OPTIMIZATION MODELS 


by 


William Gordon Wright 


September 1980 


Thesis Advisor: 





Approved for public release; distribution unlimited. 


1196278 








UNCLASSIFIED 


SECURITY CLASSIFICATION OF THIS PAGE (Wren Date Entered) 


REPORT DOCUMENTATION PAGE 


2. GOVT ACCESSION NO 








READ INSTRUCTIONS 
pErore COMPLETING FORM 


TITLE (and eee 5S. TYPE OF REPORT & PEMOD COVERED 
Automatic Identification of Network Rows Master's Thesis; 


in Large-Scale Optimization Models September 1980 


8. PERFORMING ORG. REPORT NUMBER 






. AUTHOR(e) 


William Gordon Wright 


. PERFORMING ORGANIZATION NAME AND ADCORESS 10. PROGRAM ELEMENT, PROJECT, TASK 
AREA &@ WORK UNIT NUMBERS 
Naval Postgraduate School 


Monterey, California 93940 
12. REPORT OATE 
September 1980 
13. NUMBER OF PAGES 


1S SECURITY CLASS. (af thte report) 


Unclassified 





CONTROLLING OF FICE NAME 4NO ADORESS 


Naval Postgraduate School 
Monterey, California 93940 










. MONITORING AGENCY nNamé & ACDOMESSE/(1i differance irom Caontreiling Office) 














Se. O€CL Gite couse DOWNGRADING 


SCH EOQUL 





: OISTRIBUTION STATEMENT (of thie Repert) 


Approved for public release; distribution unlimited. 


- 





- OISTRIBUTION STATEMENT (al tha saatract antered in Bleck 20, if different trem Repert) 


. SUPPLEMENTARY NOTES 


. KEY WOROS (Continue on reveree eide if nececseoary and identify by block number) 


Networks Generalized Upper Bounds 


Large-Scale Optimization 

Basis Factorization 

Computational Comprershicy 

Mixed Integ OpelLMEzZacLon 
20. ABSTRACT (Continue on reveree side tf nececeary and identify bp bieck number) 

The solution of contemporary large-scale linear, integer, and 

mixed integer programming problems is often facilitated by the 
exploitation of intrinsic special structure in the model. This 
paper deals with the problem of identifying embedded pure network 
rows within the coefficient matrix of such models and presents two 
Mheuristic algorithms for identifying such structure. The problem 
of identifying the maximum size embedded pure network is shown to 
be among the class of NP-hard problems, therefore, the 















DD an 73 1473 Eortion oF | wow 6818 cMsoLere UNCLASSIFIED 


(Page 1) S/N 0102°014* 6601 | 
SECURITY CLASSIFICATION OF THIS PAGE (Wren Dette Entered) 











UNCLASSIFIED 


lnm 
SaCuInrly CLASSIFICATION OF Tuts PAQGEs/then Nore Entered. 





#20 - ABSTRACT - CONTINUED 


polynomially-bounded algorithms presented here do not guarantee 
network sets of maximum size. However, upper bounds on the 
size of the maximum network set are developed and used to 
evaluate the algorithms. Finally, the algorithms were tested 
with a number of large-scale, real-world models and the 

results of these benchmark runs are presented. 


2D . peng, iss 5 UNCLASSIFIED 
S/ 102-014-6601 SECURITY CLASSIFICATION OF THIS PAGE/WHen Dete Entered) 











Approved for public release; distribution unlimited. 


Automatic Identification of Network Rows 
in Large-Scale Optimization Models 


by 


William Gordon Wright 
Captain, United States Marine Corps 
B.A., Washington State University, 1973 
Bectemewashiington Stace University, 1973 


Submitted in partial fulfillment of the 
requirements for the degree of 


MASTER OF SCIENCE IN OPERATIONS RESEARCH 


from the 


NAVAL POSTGRADUATE SCHOOL 
September 1980 





DUDLEY KNOX LIBRARY 
NAVAL POSTGRADUATE SCHOO? 
MONTEREY, CALIF 9394¢ 


ABSTRACT 


The solution of contemporary large-scale linear, integer, 
and mixed integer programming problems is often facilitated 
by the exploitation of intrinsic special structure in the 
model. This paper deals with the problem of identifying 
embedded pure network rows within the coefficient matrix of 
such models and presents two heuristic algorithms for iden- 
tifying such structure. The problem of identifying the maximum 
size embedded pure network is shown to be among the class of 
NP-hard problems, therefore, the polynomially~-bounded 
algorithms presented here do not guarantee network sets of 
maximum size. However, upper bounds on the size of the 
maximum network set are developed and used to evaluate the 
algorithms. Finally, the algorithms were tested with a 
number of large-scale, real-world models and the results of 


these benchmark runs are presented. 
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i ENcRODUCTION 


The success of mathematical optimization in Operations 
Research and the increase in size and speed of digital 
computers have led to the formulation of very large and 
complex systems as mathematical programming models. The 
direct solution of the associated linear programming (LP) 
problems using the classical simplex method is often pro- 
hibitively expensive, if not impossible in a practical sense. 

The large-scale models are predominantly characterized 
by sparse coefficient matrices and inherent special structure. 
If special structure can be identified, it can often be used 
to reduce the problem to a more manageable size. Methods so 
used to exploit special structure can be classified as 
indirect methods or direct methods. 

Indirect methods use special structure to decompose a 
large problem into smaller related problems. The solution 
of these sub-problems is then used to construct a solution 
to the larger problem. Indirect methods are not considered 
in this paper. 

Direct methods attempt tc solve the original problem more 
efficiently by using specializations of the simplex procedure 
which exploit the special structure. These specializations 
often replace arithmetic operations with logical operations 


and use information concerning the nature of the eventual 





solution provided by the special structure to reduce compu- 
tational effort. 

This paper is concerned with structures which can be used 
in direct, static factorization algorithms, for which all 
simplex bases share a common structure under row partition. 
The details of actual exploitation of special structure, once 
identified, will not be discussed here (see Graves and McBride 
[6]). 

Static basis factorizations include simple upper bounds, 
generalized upper bounds (GUB), and embedded network rows, 
among others. Simple upper bcund rows have only one non-zero 
coefficient. GUB refers to a set of rows for which each 
column (restricted to those rows) has at most one non-zero 
coefficient. Embedded network rows refers to a set of rows 
for which each column (restricted to those rows) has at most 
two non-Zero coefficients of opposite sign. If the non-zero 
coefficients in the embedded network rows are restricted to 
one +l and one -l in each column, then the structure is 
referred to as an embedded pure network (NET). 

Various transformations are available to identify and 
exhibit special structure in the coefficient matrix. These 
range from simple permutation of rows and columns to full 
(linear) transformations of the coefficient matrix. An 
intermediate method allows simple scaling (multiplication by 
a non-zero constant) of each row and/or column. Generally, 


complete transformation methods are used in an attempt to 





convert the entire coefficient matrix to one having a very 
special structure, such as a node-arc incidence matrix for 
a network. Partial transformation methods look for large 
subsets of rows in the coefficient matrix which exhibit the 
desired structure, with the implicit presumption that large 
subsets are more efficiently exploited than small subsets. 

As mentioned earlier, much of the computational improve- 
ment of the specialized simplex algorithms is obtained when 
logic can be substituted for arithmetic in simplex operations. 
This is most conveniently accomplished when the coefficient 
values in the rows of the special structure set are restricted 
to 0, tl. This restriction can be satisfied by considering 
for inclusion in the structure set only those rows with 
intrinsic 0, +l entries. In practice, however, it is often 
possible, through row and/or column scaling, to produce the 
desired 0, tl values. For simple upper bounds, row scaling 
will suffice. GUB sets can be converted with row and column 
scaling (except that columns corresponding to integer varia- 
bles are not customarily scaled). To produce pure network 
rows, however, the scaling problem is non-trivial due to the 
existence of two non-zero coefficients in many columns as 
well as the requirement that unit elements in the same column 
be of opposite sign. 

The use of generalized upper bounds has received much 
attention since the concept was introduced in 1964 by Dantzig 


and Van Slyke [4]. Some form of GUB has been implemented in 





many commercial LP systems, though restrictions on what 
constitutes an admissible (i.e., implemented) GUB set vary. 
Work has been done in the automatic identification of GUB 
sets [2], [8]; computational results on large-scale problems 
indicate that this is ae only feasible, but can be extremely 
advantageous [3], [13]. 

This paper extends the research done in identifying GUB 
sets to finding sets of embedded pure network rows. In pure 
network rows, coefficients are restricted to the values 0,:l 
and columns with two non-zero entries must have exactly one 
+l entry and one -l entry. Although some recent work has been 
done in the theory of complete conversion of a linear program 
to a network problem ([l1], [10]), few practical results have 
been achieved which reliably identify a subset of rows which 
form a network structure if complete conversion fails. An 
efficient algorithm for doing so is of great value since the 
problem usually fails to be completely convertible, and since 
the expense of attempting complete conversion may be 
mEonibitive. 

The problem of finding a maximum GUB set (in terms of 
number of rows) within a general coefficient matrix has been 
shown by Thomen to be NP-hard in complexity [13]. This paper 
proves the same result for the maximum embedded pure network 
problem. The implication is that currently only exponential 
time algorithms exist to solve these types of problems and 


the hope of finding a more efficient algorithm is dim. 





Therefore, the efficient GUB-finding methods developed 
to date have been heuristic algorithms. That is, they use 
methods which attempt to find large, sometimes even maximum 
GUB sets, but which cannot guarantee a maximum GUB set. Since 
the size of the maximum GUB set is not known for the large- 
scale problems with which we work, we must resort to compari- 
son with upper bounds on the size of the maximum set to 
evaluate the heuristics [13]. 

The methods developed in this paper for finding pure 
network row sets are also heuristic algorithms. Bounds are 
developed for the maximum number of pure network rows, in 
order to evaluate the NET identification algorithms. 

Computational results are given for a number of large- 
scale, real-world problems. They show the NET identification 
algorithms to be very efficient and effective in identifying 
large sets of pure network rows. 

Portions of this research have been published in abstract 


merm in {l14]. 
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ie hObbr DEFINTTION AND REPRESENTATIONS 


A. THE LINEAR PROGRAMMING PROBLEM 


The Linear Programming Problem is defined here as: 


a.) minimize cx 
Se Gs eee (ranged constraints) 
jo SS as (simple bounds) 


where r and r are m-vectors, x, c, b and b are n-vectors and 
A is anmxn matrix. Consider for the moment the case where 
all x variables are real-valued; the integer and mixed integer 


cases will be discussed later. 


fee las GUB PROBLEM 


The (maximum) GUB problem for (L) can be stated as: 


(GUB) Find a (maximum) subset of rows in A which 
can be scaled to contain only 0,+1 entries 
and which satisfy the property that each 
column of A (restricted to those rows) has 


aqemMest Gie NON-Zere Cntry. 


The real values of the non-zero coefficients in A do not 


make a difference in the GUB problem, since any non-zero entry 


aL 





in a GUB row can be scaled to +l by column scaling alone. 
Therefore, it 1S convenient to replace A by a binary (0,1) 
matrix, K, of the same dimension where each non-zero entry 
of A is replaced by +l with all other entries zero. 

Using the matrix K, with entries Se the (maximum) GUB 


problem can be formulated as the binary integer program 


(GUBI) (maximize) Zy + Zy twee + ZL 
Sasa) ese ay a een 
i. 
where Z. € eOmale 


The variable Zs is an indicator variable for GUB inclusion, 
ioe ., if Zz, = 1, row iis included in the GUB set, otherwise 


merrs not. 


fe RGPRESENTATIONS OF THE GUB PROBLEM 

Alternative representations of the GUB problem have been 
developed as the basis for various heuristic algorithms and 
For theoretical considerations such as determining the com- 
plexity of the problem and developing bounds on the maximum 
achievable size of a GUB set. Some of these representations, 
covered in detail in [13], are the graphical conflict repre- 
sentation, the conflict matrix representation, and the vector 


Space representation. 


ez 





The concept of row conflicts is basic to the GUB problem. 
Two rows in A are said to conflvet if there is at least one 
column of A with non-zero entries in both rows. If each row 
of A is considered as a vertex in an undirected graph with 
two vertices connected by an edge whenever the corresponding 
rows conflict, then the (maximum) GUB problem becomes one of 
finding a (maximum) independent set of vertices in the graph. 
An independent set of vertices in a graph is a subset of the 
total vertex set with no two vertices adjacent (connected by 
an edge) in the graph. 

The conflict matrix representation of the GUB problem 
uses an mxm symmetric binary matrix M with each row and 
column representing a row of A. M has +l values in those 1,3 
entries where row 1 and row j conflict in A. By definition, 
every row conflicts with itself so the main diagonal of M 
has all +l entries. The (maximum) GUB problem then becomes 
One of finding (through permutation of the rows of A) an 
embedded identity matrix (of maximum size) in the conflict 
matrix M. 

The vector space representation has developed from a paper 
by Senju and Toyoda [12] dealing with the heuristic solution 
of certain 0,1 programming problems. Each row of K is con- 
Sidered as a vector in n-space having unit length in those 
directions corresponding to its non-zero entries. The vector 
R is formed as the sum of each of the row vectors. A unit 


hypercube in n-space situated at the origin with length 1 in 


1s 





all positive directions represents the feasible GUB region. 
If R extends beyond this region, the set of rows is not a 

GUB set and at least one row must be removed to bring R into 
the feasible region. The (maximum) GUB problem becomes one 
of determining (the minimum number of) rows which must be 
removed in order to bring R into the feasible region. The 
heuristics based on this representation compute gradient vec- 
tors which indicate the direction of shortest distance to the 
feasible region and remove first those rows which produce 

the greatest movement in that direction. These heuristics 
have proven to be the fastest to date and produce GUB sets 


comparable in quality to other heuristics [13]. 


fee tne NET PROBLEM 
The (maximum) Embedded Pure Network problem for (L) can 


be stated as: 


(NET) Find a (maximum) subset of rows in A which can 
be scaled to contain only 0,+1l entries and 
which satisfy the property that each column 
of A (restricted to those rows) has at most 
two non-zero entries, and if the column has two 
non-zero entries, the (scaled) entries must be 


of opposite sign. 


The real values of the non-zero coefficients in A cannot be 


ignored as they were in the GUB problem since simple column 


14 





mealang 1S no longer sufficient to produce the required :l 
entries in columns containing two non-zero entries. The 
addition of row scaling may help, but even this is not suffi- 
cient to guarantee that a network set of rows obtained by 
considering only the signs of the non-zero elements can be 
scaled to the required 0,+1l values. 

Considering, for the moment only, matrices with 0,:+1 
entries (or a subset of m rows with 0,+1l entries in a general 
Matrix) with no scaling allowed, the (maximum) NET problem can 


be formulated as the binary integer program: 


(NETL) maximize Z4 ~ Zo + ... + Z 
s.t. ) Zeca: ae A 
l:a..=-l 
1) 
Zen: Sel esi 1 
L:a. .=+l - 
ral 
where Ze eee Oo : 


Again, Zs is an indicator variable for inclusion in the 


network set. 


EF. REPRESENTATIONS OF THE NET PROBLEM 

Unfortunately, NET does not lend itself to the many repre- 
sentations which GUB admits. The primary reason for this is 
that the scaling problems associated with NET make it impossi- 


ble to disregard the real values of the non-zero coefficients 





in A. Also, the concept of pairwise row conflicts so useful 
in the GUB algorithms does not apply to network rows when row 
scaling is allowed. 

To efficiently confront the scaling dilemma, we are 
currently forced to restrict the eligibility of rows for 
membership in the network set. The most obvious restriction 
is to allow no scaling and consider only those rows with 
intrinsic 0,+l entries. This may be unnecessarily prohibi- 
tive. Two less restrictive options are employed in the 
algorithms described later. These are: 

1. Admit only rows with intrinsic 0,+l entries but 
allow row reflectton (multiplication of a row by -l). 

2. Admit only rows whose non-zero entries can be row 
scaled to 0,+l. This includes rows with all non-zero 
entries of the same absolute value. Row reflection 
1s also allowed. 

For the algorithms presented in this paper, two repre- 
sentations of the NET problem are developed. The double-GUB 
representation is used in the identification of networks with 
a bipartite structure by considering the network set as con- 
Sisting of two disjoint GUB sets. The vector space repre- 
sentation is used in the identification of general network 
peructure. 

Ll. Double-GUB Set Representation 

As suggested by Thomen [13], GUB heuristics can be 


used to produce a bipartite network row factorization. This 


16 





type of factorization has the property that the rows in the 
network set can be partitioned into two subsets, Ny and No, 
such that each column of the matrix has at most one non- 


zero entry in N, and at most one non-zero entry in WN 


a 2% 
Additionally, the entries must be of opposite sign. To 
produce such a factorization, a GUB heuristic can be applied 
to the eligible rows of A producing one GUB set, and then 
to the remaining eligible rows not selected in the first 
pass, producing a second GUB set. This can be done if inclu- 
sion in the second GUB set is conditioned on agreement with 
rows in the first GUB set, allowing row reflection if necessary. 
This algorithm (entitled D-GUB) was implemented using the 
fastest of the GUB heuristics. 

2. Vector Space Representation 

If we consider only the rows of A with 0,+1 entries, 
or those which have been scaled to 0,+l, a vector space 
representation for NET can be developed similar to that 
developed for GUB. The representation can also allow reflec- 
tion of rows, if desired. 

With each row in the eligible set, we associate two 
vectors in n-space, Vi and V.. om is the vector consisting 
of 1 in those dimensions corresponding to +l entries in row 1 
and zero in all other dimensions. Vv, is the vector consisting 
of -l1 in those dimensions corresponding to -l entries in row 


i and zero in all others. For example, if row i is (1,0,-l, 


1,0,-1,0), then a = (1,0,0,1,0,0,0) and Vv; = (0,0,-1,0,0,-1,0). 


7 





We define R” as the Besttcamemvector from the sum of 
all Vi and R as the resultant vector from the sum of all 
V,. These vectors extend from the origin into the orthants 
of n-space corresponding to all positive dimensions and all 
negative dimensions, respectively. Two hypercubes in this 
n-space, one situated at the origin with length 1 in all 
positive directions and another situated at the origin with 
length 1 in all negative directions, constitute the feasible 
Meeeregion. Should either R” or R extend beyond its feasi- 
ble region then the rows in the eligible set do not currently 
form an admissible set of network rows. 

The reflection (multiplication by -l) of a row merely 
results in the switching of the Vv’ and V. vectors for the 
row. That is, when row 1 is reflected, the negative of Vi 
becomes V5 and the negative of V5 becomes We This Vinten 
will change the vectors Re and R . In fact, it is possible 
in some cases that just the reflection of rows in an infeasible 
set may bring R” and R. into their feasible regions without 
deletion of any rows. 

This representation is used as the basis for the 
network identification heuristic for (NET) developed by the 
author and presented herein. If either R’ or R extends 
beyond the feasible region, a row penalty for each row is 
computed as the dot product of a4 and R™ plus the dot product 
of V5 and R. The row with the greatest row penalty is 


identified and the revised penalty for that row, if reflected, 


18 





1s computed. If this reflected penalty is less than the 
Original row penalty, the row is reflected, otherwise it is 
deleted. When both R*° and R fall within the feasible region, 
the set of rows which remain constitutes an admissible net- 


work set. 


aed 





Ill. IMPLEMENTATION OF AUTOMATIC NETWORK 
PEN tec aAt CON sae URESTICS 
A. DOUBLE-GUB (D-GUB) ALGORITHM 

The D-GUB Algorithm is based on the double-GUB represen- 
tation of the network problem discussed in the previous 
section. The automatic GUB algorithm used to find the GUB 
sets is a gradient method based on a heuristic for approxi- 
mate solution of certain 0,1 variable linear programming 
problems developed by Senju and Toyoda [12]. It was coded 
by Thomen and proved to be the most efficient of the GUB 
identification algorithms tested in his research. A brief 
description of the GUB algorithm will be given here; it is 
fully described in [13]. 

The GUB heuristic is a two-phase, one-pass, non-back- 
tracking algorithm which is feasibility seeking. The initial 
eligible set consists of all rows which can be scaled to the 
required values according to the scaling scheme employed. 
Phase 1 attempts to delete as few rows as possible in order 
to produce a feasible GUB set. Phase 2 examines the rows 
deleted in Phase 1 and reincludes rows which do not violate 
the GUB restriction. 

The D-GUB algorithm uses a sequential application of the 
GUB heuristic to the set of network eligible rows. Eligi- 
bility for inclusion in the first GUB set is determined by 


one of the two scaling restrictions described in the previous 
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section. In the first pass, the initial GUB set is deter- 
mined. Eligible rows not included in the first GUB set are 
then examined to determine (under the requirement that two 
entries in a network column be of opposite sign) if the row 
1s eligible for inclusion in the second GUB set in either 
Meesent Or reflected form. If eligible rows are found, a 
second pass 1s made with the GUB algorithm producing a second 


GUB set. 
The D-GUB Algorithm: 


Step 0. Determine Eltgtble Rows. Using the scaling scheme 
desired, determine which rows of the matrix are eligible 
for selection as network rows. 

Beep 1. Fund First GUB Set. Apply the GUB heuristic to the 
eligible set updating the gradient vector following 
each row deletion. 

step 2. Determine Eligtbtiltty for Second GUB Set. For each 
eligible row not included in the first GUB set, check the 
columns in which the row has non-zero entries. In each 
of these columns, if the first GUB set has no non-zero 
entries or one non-zero entry of opposite sign then the 
row is eligible for inclusion in the second GUB set in 
its present form. If the first GUB set has no non-zero 
entries or a non-zero entry of like sign in each column, 
then the row is eligible for inclusion in reflected form. 


Otherwise, the row is not eligible and is discarded. 
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Step 3. Find Second GUB Set. If there are any rows eligible 
for the second pass, reapply the GUB heuristic to those 
rows. 

Computational experience on a number of real-world models 
indicates that Phase 2 of the GUB heuristic rarely adds 
additional rows to the GUB sets obtained in either pass. 

For the second GUB set, Phase 2 was especially ineffectual. 

This suggests that the algorithm, which is already extremely 

fast, can be made even faster by the elimination of Phase 2 


with minimal loss of solution quality. 


B. NETWORK IDENTIFICATION (NET) ALGORITHM 

The NET Algorithm is based on the vector space represen- 
tation of the network problem discussed in Section II. The 
algorithm is two-phased, one-pass, and non-backtracking. It 
is a deletion heuristic which is feasibility seeking. As 
such, it begins with an eligible set of rows which normally 
do not form an admissible network set and attempts to delete 
as few rows as posSible to obtain a feasible set. Deleted 
rows are then considered for reinclusion if they do not violate 
the feasibility requirement. 

The measure of infeasibility at any point is a matrix 
penalty computed as the sum of individual row penalties. Rows 
in the eligible set are examined in order of decreasing row 
penalty and either reflected, if the row penalty would be 
reduced, or removed and placed in a candidate set for later 


use. This guarantees that the matrix penalty will be reduced 
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at each iteration. Thus, the number of iterations in Phase 
1 is bounded by the initial matrix penalty, which is poly- 
nomially bounded. In Phase 2, the rows in the candidate set 
are examined for reinclusion in the eligible set if they do 
not increase the matrix penalty. Those not reincluded are 


discarded. 


Statement of the Problem: 


fee A = rE be an mxn matrix with ass = 0,+1Vi,j. 


Problem: Find a matrix N = (nj 43 with (m-k) rows and n 
columns which is derived from A by 
ie ocletingec sows Of Ajwhere k >" 0, 
Zoe i ltiplying, Zero Gr more rows of A by =—I1, 
where N has the property that each column of N has 
at most one +l element and at most one ~-1l element. 
We wish to find a large N in the sense of containing 


aS Many rows as possible, i.e., minimize k. 


Terminology and Notation: 

1. Eis the set of row indices for rows eligible for inclusion 
in N and is called the eligible set. 

2. C is the set of row indices for rows removed from E in 
Phase I (Deletion). Some rows in C may be readmitted to 
E in Phase II. C is called the candidate set. 

3. The phrase "reflect row i' of A" means to multiply each 
element in row i' by -l, 1.e., a.,. + “asa We ohe 


1 oJ y 
4. Other notation will be defined in the algorithm itself. 
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The NET Algorithm: 


emaee -£ —- Deletton of infeastble Rows 


mmo: Intttaltization. Set E = {1,2,...,m}, C = 6. 
For each column j of A compute the + penalty (Ky) and 
the - penalty (K,) as follows: | 
feet) Cd CK, Kem ye 
J tek sa. .>0 J sles <0) 
1 1) 


These penalties represent the number of excess +1 and -1l 
elements, respectively, in column j which prevent the 
rows whose indices remain in E from forming a valid N 
matrix. A penalty value of -1l for Ky (K3) indicates that 


the column does not contain a +l(-1) element. 


step 1: Define Row Penalties. For every 1. E, compute a 


row penalty (Pp; ) as follows: 


This is simply the sum of + penalties for all columns in 
which row i has a +1 plus the sum of - penalties for 


all columns in which row i has a c-l. 


Btep 2: Define Matrix Penalty. Compute the penalty (h) 


for the matrix by summing the row penalties as follows: 
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h = ) De 
icER 7 


if h = 0, then go to Step 7. Otherwise, go to Step 3. 


Step 3: Row Selectton. Find the row i1' ¢« E with the 
greatest penalty, 1.e., 


Bincm sec & such that p., = max jp. 
jen 


(If there is a tie, choose i' from among the tied values.) 


Compute the reflected row penalty Das for i' as follows: 


This would be the row penalty for row i‘ 1f it were to 


be reflected. 


Beep 4: Delete, or Reflect Row. 


Case i) p. > py. Let E + pata Cee CU {it}. €o 


aie 1 
HO Step 5. 
Case ii) Pas < p,,- Reflect row i eeeGo, to Step 6. 


Step 5: Reduce column penalttes as follows: 
+ + 

Boemeealiey Such that a.,;. > 0, K. « K.-1 
iJ a J 

mobail) 7 such that a.,. < 0, K. «+ K,-l 
iJ J J 


Go to Step l. 
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Step 6: Change column penalttes as follows: 


Using the re Voucomamtor Gerlection Of row i, 


Bemeatil j such that a.,. > 0, ri a ances Ke = 1 
13 J J J J 

Hemeail j such that a.,. < 0, KT = ery and K. « K.+¢l 
a) J J J J 


Goce Step il. 


Phase II - Reineluston of Rows from C 

meee. Eliminate Confltcting Rows. The rows with indices 
in E, some possibly reflected from the original A matrix, 
form a valid N matrix. However, some of the rows removed 
from E and placed in C may now be reincluded in E if they 
do not make h > 0. Remove from C (and discard) all row 


indices for rows which, if reincluded in E in present or 


reflected form, would make h > 0. I.e., Remove i from 
ear 
ees 3, such that a.. > 0 and rao 
a 1}, Jy 
ora.. <0 and kK. =0 
ol Jy 
and 
b) 3 4.4. such that a.. > 0 and K. =0 
2 1), J5 
Ora.. < 0 and K. = Q 
+39 J2 


If C = 9, STOP, otherwise go to Step 8. 
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meepec. scelect Row for Rerncluston. At this point a row 
from C may be reincluded in E. There are several possible 
schemes for selecting the row. After the row is rein- 
cluded, the column penalties are adjusted. Then go to 


step 7. 


No dominating rule has been discovered for breaking ties 
in maximum row penalty encountered in Step 3. The rule used 
for the computational results presented herein is to select 
the row with the minimum number of non-zero entries in an 
attempt to place a larger number of non-zero entries in the 
network set. Other possible rules are "first-come, first- 
served", maximum number of non-zero entries, type of con- 
straint, or modeler preference. 

Although the algorithm described above is presented for 
a matrix with strictly 0,+1 entries, it can be generalized 
to any matrix by simply letting E be the set of rows with 
menr~ctly 0,+]1 entries or which can be scaled to contain only 
O,+l1 entries. 

Prespecified network rows can alSO be accommodated with 
ene following modifications: 

Let P = {ilrow i is prespecified}. 

mien E «+ E — P. 

After computation of K and K Pc eem 0, Lor eCach column 

J, 


feeesamec P Such that ie = 1] then K - K, + il, 
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if Jie P such that a.. = -1 then K. « K. +l. 
5) : J 


Rows in P are not eligible for deletion or reflection. 
At the termination of the algorithm, the rows in N are 


given by EUP. 


Computational experience on real-world models indicates 
that Phase 2 of the NET algorithm is even less productive 
than that of the GUB algorithm. In only two of sixteen cases 
were any rows eligible for reinclusion and the maximum number 
eligible was three. This indicates that the expense of 
examining the rows in the candidate set for eligibility is 
probably not justified for the occasional small improvement 


in quality. 
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i ROO Lee COMPLEXTTY 


Analysis of the inherent complexity of a problem can 
reveal whether there is a possibility of developing an 
efficient algorithm to completely solve all cases of the 
problem. Unfortunately, analysis of the NET problem indi- 
cates that it cannot be solved optimally by an efficient 
algorithm at this time. 

The complexity of a problem is said to be polynomtal if 
an algorithm exists which can solve the problem in a number 
of fundamental operations bounded by a polynomial function of 
intrinsic problem dimensions. Such an algorithm is called a 
polynomial time algorithm. An algorithm which is not bounded 
by such a polynomial function is said to be an exponenttal 
time algorithm. The maximum solution time for exponential 
time algorithms grows explosively as problems dimensions 
increase. 

The class of tntractable problems consists of those 
problems for which no polynomial time algorithms exist. 
Between the class of polynomial problems and the class of 
intractable problems, there is the class of non-determtntstte 
polynomtal problems--class NP. This class consists of those 
problems for which a guessed solution can be verified in poly- 
nomial time, but for which the existence of a polynomial 
time algorithm to solve such problems has not yet been proved 


or disproved. 
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A problem b is said to be reducible to a problem c if a 
Beeeynomial time algorithm for solving c (if one exists) can 
be used to produce, in polynomial time, a polynomial time 
algorithm for solving b. If every problem of the class NP 
1s reducible to the problem c, then c is said to be NP-hard. 
In addition, if c also belongs to class NP, then c is WNP- 
complete. This means that should a polynomial time algorithm 
be found which solves an NP-complete problem, then polynomial 
time algorithms exist to solve all problems in class NP. On 
the other hand, should an NP-complete problem be proved 
intractable, then all problems in class NP are intractable. 
The question is still open at this time. For a more complete 
treatment of complexity theory, see [5], [9]. 

The problem of finding a GUB set of specified size (i.e., 
number of rows) was shown by Thomen [13] to be NP-complete, 
while that of finding a maximum GUB set was shown to be NP- 
hard. As an observation, the corresponding maximum D-GUB 
problem with no scaling, since it represents a composition 
Of two disjoint GUB problems, is also NP-complete (for a D-GUB 
set of specified size) and NP-hard (for a maximum D-GUB set). 

The problem of complete conversion of an arbitrary matrix 
to the node-arc incidence matrix of a pure network, using 
linear transformation of the matrix as well as row and column 
scaling, has been shown to be polynomial in complexity [1], 
[10]. This, however, does not apply to the problem of finding 


the maximum embedded pure network should complete conversion 
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mee Consider the NET problem for a unit matrix, that is, 
memaceix containing only 0,:1 entries. For the present, no 
scaling is allowed. A slightly less complex problem than 
finding the maximum size embedded network set is the following 


problem: 


(NETD) Given an mxn unit matrix A and an integer p < m, 
determine whether A contains a set of p or more 
rows such that each column of A (restricted to 
those rows) has at most two non-zero entries, 
where entries in the same column must be of oppo- 


site sign. 


Given a set of p rows from A, it is easy to verify, in 
polynomial time, whether the set satisfies the above cri- 
terion. Given an integer p < m, it is not easy to determine 
whether there exists a set of p or more rows in A which 
Satisfies the criterion. In general, there does not currently 
exist an algorithm which can do so in polynomial time, as 
will now be shown. 

In a unit matrix, two rows may be said to conflict if they 
both contain a non-zero element of like sign in a common 
column. The absence of such pairwise conflicts in a subset 
of rows from A is not a necessary condition for the rows to 
form a valid network set if row reflection is allowed. How- 
ever, that condition is necessary and sufficient for that 


purpose when no scaling is allowed. With no scaling, it is 
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evident that the absence of pairwise conflicts is necessary 
in a valid network set, for the existence of a conflict vio- 
lates the opposite sign requirement for columns containing 
two non-zero elements. It is also sufficient, because the 
violation of the criterion for a valid network set would re- 
quire at least one column of A to contain at least two non- 
zero entries of like sign in rows of the set. This, in turn, 
would imply that the two rows in which this occurs are in 
Bemrlict. 

Following closely the arguments presented by Thomen [13] 
for the GUB problem, a graph is defined in which the nodes 
represent the rows of A and two nodes are connected by an 
edge if and only if the rows conflict in A. The problem of 
finding a set of p or more rows in A which do not conflict is 
then equivalent to finding an independent set of size p or 
more in the graph so defined. This problem, known as the 
independent set decision problem, is known to be NP-complete 
[5]. Furthermore, the problem of finding a maximum independent 
set, and therefore, a maximum GUB set or network set, is NP- 
hard. 

The addition of row reflection to the problem simply means 
that each row can exist in one of two states, namely, unreflected 
meecerlected. Clearly then, in a set of m rows, there are oe 
distinct states for the set, each corresponding to a different 
subset of reflected rows. The problem of finding a maximum 


network set in A, allowing row reflection, is equivalent to 
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finding a maximum network set with no scaling allowed (shown 
above to be NP-hard) for 2™ distinct matrices. As a result, 
this problem is also NP-hard. 

Given a general matrix in which non-zero entries may be 
of any magnitude, and allowing simple row and column scaling, 
the problem of finding a maximum subset of rows which can be 
scaled to produce a pure network set can be approached 
(conceptually) in at least two ways. One approach is to 
ignore the magnitude of non-Zero entries and consider only 
their sign. When a maximum size network set is found for the 
resulting unit matrix (an NP-hard problem), an attempt can 
be made to scale the entries in the rows of the network set to 
the required 0,+1 values. The scaling, which may or may not 
be successful, can be done in polynomial time, however, the 
entire problem remains NP-hard. Another approach is to 
consider only subsets of rows which can be scaled to the 
required unit values should the subset be found to be a valid 
network set. In essence, the scaling restrictions applied in 
the algorithms described in this paper guarantee that any 
subset will have the required unit values. However, if this 
approach excludes any subsets which may be scalable to the 
required values, the maximum size set may be missed. Appar- 
ently, even with the addition of scaling considerations, the 
basic problem of finding a maximum embedded pure network set 


remains NP-hard. 
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The above analysis of network identification algorithms 
has only addressed the worst case bound. No conclusions can 
be made about the average performance of an optimal algorithm. 
In other words, it may be possible to develop an optimal 
algorithm with good average performance, but having an 


exponential worst case bound. 
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V. UPPER BOUNDS ON MAXIMUM NETWORK SET SIZE 


The problem of finding a maximum size pure network set 
of rows in a matrix, regardless of scaling restrictions, has 
been shown to be NP-hard. This also applies to the problem 
of determining the size of a maximum set. Upper bounds on 
the maximum set size, computed in polynomial time, can be 
useful in evaluating the quality of network sets produced 
by heuristic algorithms. 

The upper bounds on maximum pure network set size depend 
on the scaling restrictions employed. It should be noted 
that the bounds computed here apply to the maximum set size 
obtainable from the set of eligible rows. They do not apply, 
in general, to the maximum set size obtainable from the entire 
coefficient matrix. 

Clearly, the maximum set size can be no greater than the 
number of rows in the eligible set, but this bound is of 
little practical use. Better bounds can be constructed using 
information already available in the heuristic procedure. 

Two upper bounds were developed as a result of this research 
and are presented here. 

The first bound follows directly from the restriction that 
each column of the matrix (restricted to the eligible set) is 
allowed at most two non-zero entries. If k represents the 
Maximum number of non-zero entries in any column of A 


(considering only entries in eligible rows), then it is clear 
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that at least k-2 rows must be deleted from the eligible 

set in order to make this "worst column" feasible. Since the 
column counts are readily available in the form of the column 
penalties (Ky and Ks), the upper bound on the network set 


Size for a matrix with m eligible rows is: 


u, = m- max (Ky + K3). 
J 

This bound is evidently sharp in that matrices can be con- 

structed for which it is achieved. 

The second bound is tighter, but requires more information 
about the problem and more computation. It is based on a 
matrix penalty computed from column penalties, rather than 
row penalties as in the NET algorithm. This penalty is 


defined as: 


Clearly, as long as H > 0, the rows remaining in the 
eligible set do not form a valid network set. The reflection 
of a row in the eligible set may decrease H, increase H, or 
leave it unchanged. The deletion of a row from the eligible 
set may decrease H, or leave it unchanged. The actual effect 
of a reflection or deletion depends on the rows remaining in 
the eligible set and their state (unreflected or reflected) 


at the time. However, it is possible to compute for each row 
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the maximum possible reduction in H obtainable by reflection 
Or deletion of the row, regardless of the other rows remaining 
in the eligible set. These maximum possible reductions are 
Called the reflectton potentrtal and deletton potenttal for 

the row, respectively. 

The bound will be computed by determining the minimum 
number of row deletions necessary to reduce H to zero. This 
cannot, of course, be computed exactly; however, the result 
Will be conservative in that it will guarantee that at least 
that number of rows must be deleted. 

Consider the possible states of a column j of A in which 
row i has a non-zero entry (i.e., ass #0). The six possible 


cases are summarized in Table l. 


Case Ke a 
er ee) 
dt 0 -l 
2 0 0 
3 0 >Q 
4 >0 = 
5 >Q 0 
6 >0 >Q 
K, = column penalty of like sign to as 
“ - , 
Ke ay O- Kew bea.as. < 0 
( F ie ee ain as ) 
Ke =~ecOlunne penalty GL uniike sign to ae 


Table l 
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The non-zero entries in each column are counted only 
when they occur in the initial eligible set. The penalties 
used are those computed before any row reflections or dele- 
tions have occurred. 

Consider first the effect on column j, and thus H, of 
reflecting row i. In cases l, 5, and 6, reflection of row i 
would not change H. In case 4, reflection of row i would 
decrease H by l, unless another row with a non-zero in column 
j was previously reflected. In cases 2 and 3, reflection of 
row 1 would actually increase H by l, unless enough other 
rows with non-zero entries in column j were reflected or 
deleted to produce a -l value for Ke. Since we cannot be 
sure that reflection in cases 2 and 3 would actually increase 
H, we must consider H unchanged by reflection in these cases. 
In summary, we allow H to be decreased only by reflection 
of rows with non-zero entries in columns exhibiting case 4. 
The reflection potential for row i is computed by summing 
the effects for each column in which row i has a non-zero 
element, with the condition that only one row reflection is 
allowed to decrease H for each column exhibiting case 4. 

Row deletions provide greater opportunity for reducing H. 
In cases 1 and 2, deletion of row i has no effect on H, while 
in cases 4, 5, and 6, deletion of row i directly decreases H 
by 1. In case 3, deletion of row i does not directly decrease 
H, but it allows reflection of another row with a non-zero 


in column j, producing a net decrease of 1 in the value of 
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H. In summary, we allow H to be decreased by deletion of 
rows with non-zero entries in columns exhibiting case 3, 4, 
5, or 6. The deletion potential for row i is computed by 
summing the effects for each column in which row i has a 
meme cero entry. 

To obtain the second bound, the reflection and deletion 
potentials for each row in the eligible set are computed. 
Then the maximum possible reduction of H by row reflections 
alone is computed by summing the individual row reflection 
Betentials. If H > 0 at this point, then rows must be 
deleted. Rows are deleted in order of decreasing deletion 


Beenttal until H< 0. The upper bound is then computed as: 


u = m- number of rows deleted, 


where m is the number of rows in the initial eligible set. 


This bound is evidently sharp, since examples can be 


constructed which satisfy the bound exactly. 
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VI. COMPUTATIONAL RESULTS 


The D-GUB and NET algorithms were coded in FORTRAN IV and 
were tested on 16 large-scale, real-world models. The sizes 
of the models ranged from small (90 rows, 177 columns) to 
large (3500 rows, 6500 columns). Table Al of Appendix A 
provides the characteristics of each model. 

The results obtained for the D-GUB algorithm are given 
in Table A2 of Appendix A. The row eligibility criterion 
used for the results reported was that the row contain only 
O,+l entries, or be able to be scaled to 0,+1 entries by row 
scaling only. The number of eligible rows as a fraction of 
the total row count ranged from 9% to 100% (the objective 
Bow(s) not being eligible in any case). The number of GUB 
rows obtained in each pass is indicated. In two cases, the 
entire eligible set was determined to be a GUB set, so no 
second pass was required. The times given are in CPU seconds 
for the IBM 360/67 with the program compiled using FORTRAN H 
Peetended) with code optimization (OPT = 2). 

The results for the NET algorithm are given in Table A3 
of Appendix A. Also included are the upper bounds on the 
maximum pure network set size computed from the problem data. 
The times given for determining the eligible set should be 
nearly the same as those for the D-GUB algorithm since the 


Same eligibility criterion and code were used in both cases. 
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The eligibility of rows in the candidate set for reinclusion 
in Phase 2 was determined, but Phase 2 was not included due 

to the absence of eligible rows in nearly every case. The 
solution time does not include the time required to determine 
eligibility for Phase 2. The times given are again in CPU 
seconds on the IBM 360/67. The NET quality value is the number 
of rows in the network set, expressed as a percentage of the 
best known upper bound on the pure network set size. As 
explained earlier, the actual maximum network set size is, in 
general, unknown and thus the actual NET quality may be better 
than this conservative estimate. In particular, the bounds 
are almost certainly too high for problems with a large number 
of eligible rows (e.g., PAPER) and for problems with dense, 
unstructured coefficient matrices (e.g., TRUCK). 

The overall results obtained are very encouraging. The 
algorithms are very fast (especially when compared with 
computer time expended in any attempt to solve these large 
problems) and they consistently produce maximum or near 
Maximum pure network sets (from the eligible rows) as 
evidenced by the upper bounds. Work is underway to include 
one or both algorithms as a part of a state-of-the-art 
optimization system which will provide results concerning the 
value of the factorizations obtained in improving the solution 


times for the models. 
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Vito) EATENSIONS 


The current weakness in this research appears to lie 
primarily in the area of scaling. Many problems exhibiting 
intrinsic network structure are disguised by their formulation 
and resist the simplistic attempts used here to rescale them. 
In particular, the COAL model is known to be a complete 
network, if appropriately scaled, but it is not evident how 
this is to be discovered using general, problem-independent 
automatic identification. Methods used to scale an entire 
Matrix to 0,+1 values (see [1], [10]) can be attempted, but 
failing complete conversion the next step is not evident. 

This remains a potentially fruitful area for further research. 

Another potentially profitable area is the extension of 
the methods developed for the network identification and 
associated upper bounds to other types of special structure. 
Schrage [ll] has reported research in this area using the 
conflict method of Greenberg and Rarick [7]. It is felt 
that the superior speed of the gradient method exhibited in 
the GUB factorization [13] and seen here in the network 
factorization would carry over to the identification of other 
Special structures. This approach is currently being pursued. 

Finally, the possible use of the automatic identification 
algorithms in discovering special structure which can be 
used in the automatic decomposition of very large models 


looks extremely promising. If the algorithms can be used 
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to identify subproblems connected by a few coupling constraints, 
then a decomposition of the problem into smaller problems, 

each with a special structure (e.g., transportation or assign- 
ment problems), may be possible. The solution of these 

smaller problems using very efficient, specialized algorithms 
may assist in the solution of the larger problem. One class 

of such models is that of large multi-commodity production- 


transportation problems. 
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VILLI weeecOnGEUSLIONS 


The stated purpose of this research was to extend the 
results obtained for automatic GUB identification in large- 
scale models to embedded pure network identification. As 
was the case with the GUB problem, the maximum embedded pure 
network identification was shown to be NP-hard in complexity. 
Therefore, heuristic algorithms were developed and used to 
identify large pure network sets in polynomial time. 

With regard to accomplishing the intended purpose, the 
research was very successful. Using restrictions on row 
eligibility to overcome the inherent scaling problems, the 
algorithms proved extremely efficient in identifying large 
pure network sets. Upper bounds were developed for maximum 
pure network set size and were used to evaluate the effec- 
tiveness of the algorithms. The results on problem complexity 
were obtained and, as expected, justify the use of heuristic 
algorithms to approximate optimal solution of what would 
otherwise be an extremely difficult problem. 

The unexpected benefit of this research appears to be 
the applicability of both the general NET identification pro- 
cedure and the upper bound computations to many other types 


of special structures. Research is continuing in this area. 
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APPENDIX A 


This appendix contains three tables describing the 
linear and mixed integer programming models used to test 
the algorithms described in this paper and the computational 
results of the algorithms applied to the models. The content 
of the tables is: 

TABLE Al: Sample LP (MIP) Model Characteristics 

TABLE A2: D-GUB Algorithm Computational Results 

TABLE A3: NET Algorithm Computational Results 
The execution times provided in the tables are expressed in 
CPU seconds on an IBM 360/67 with the programs compiled 
uSing FORTRAN IV H (Extended). Further description of the 
data in the tables is provided in Section VI, Computational 


Results. 
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